Abstract A key tenet of feature integration theory and of related theories such as guided search (GS) is that the binding of basic features requires attention. This would seem to predict that conjunctions of features of objects that have not been attended should not influence search. However, Found (1998) reported that an irrelevant feature (size) improved the efficiency of search for a Color × Orientation conjunction if it was correlated with the other two features across the display, as compared to the case in which size was not correlated with color and orientation features. We examined this issue with somewhat different stimuli. We used triple conjunctions of color, orientation, and shape (e.g., search for a red, vertical, oval-shaped item). This allowed us to manipulate the number of features that each distractor shared with the target (sharing) and it allowed us to vary the total number of distractor types (and, thus, the number of groups of identical items: grouping). We found that these triple conjunction searches were generally very efficient-producing very shallow Reaction Time × Set Size slopes, consistent with strong guidance by basic features. Nevertheless, both of the variables, sharing and grouping, modulated performance. These influences were not predicted by previous accounts of GS; however, both can be accommodated in a GS framework. Alternatively, it is possible, though not necessary, to see these effects as evidence for "preattentive binding" of conjunctions.
In a typical visual scene, many objects will share features with each other: The scene may include several big things, several blue things, several shiny things, and so forth. Consequently, looking for a specific object is likely to entail search for a conjunction of features (e.g., the big, blue, shiny thing). Conjunction searches have been a subject of considerable interest in the visual search literature for many years. In her original "feature integration theory" (FIT), Treisman classified conjunction searches as "serial," as contrasted with "parallel" feature searches (Treisman & Gelade, 1980) . Central evidence for this claim came from the functions relating set size (the number of items in a search display) to reaction time (RT). For salient features (e.g., red among green or big among small), the slope of the RT × Set Size function was near zero, suggesting no additional cost of added distractor items. For conjunction searches, in contrast, RT increased linearly with set size. Each additional distractor imposed a cost. The data were consistent with a serial search through the items at a rate of 20-40 items per second. It should be noted that the same data are also consistent with various versions of parallel models in which all items are processed at the same time (Townsend, 1971; Townsend & Wenger, 2004) , but in which noise or capacity limitations cause a rise in RTs with set size (Palmer, 1995) .
A key theoretical claim of FIT was that the features forming conjunctions could not be "bound" without the application of selective attention. However, whether or not conjunction identification required serial binding, subsequent work made it clear that conjunction search did not need to be particularly inefficient. With salient component features, conjunction searches tended to produce RT × Set Size slopes that were intermediate between the most efficient feature searches and the least efficient basic searches in which items were big enough to be identified without requiring fixation (e.g., Ts among Ls or 2s among 5s; Dick, Ullman, & Sagi, 1987; Egeth, Virzi, & Garbart, 1984; McLeod, Driver, Dienes, & Crisp, 1991; Nakayama & Silverman, 1986; Treisman & Sato, 1990; Wolfe, Cave, & Franzel, 1989) . A continuum of search efficiency runs from highly efficient feature searches to inefficient searches for items defined by their spatial configurations (like Ts and Ls; Wolfe, 1998) .
Guided search (GS) theory is one approach to understanding this continuum (Eckstein, 1998; Wolfe, 1994 Wolfe, , 2007 Wolfe et al., 1989) . GS preserves the central role for binding via selective attention. According to GS, relatively efficient conjunction search occurs because basic features can be used to guide attention to items that are more likely to be the target item. Thus, in a search for a red vertical item, attention can be guided to red items and to vertical items, the intersection of those two sets being an excellent place to look for red vertical items. The claim of FIT and GS is that the red vertical item is not bound and recognized until the item falls under the "spotlight" of selective attention. Various other experimental results (Driver, McLeod, & Dienes, 1992; Duncan, 1995; Enns & Rensink, 1990; Roggeveen, Kingstone, & Enns, 2004) and various other theoretical formulations have proposed that features can be bound without the need to focus selective attention on the item (McElree & Carrasco, 1999; Palmer, 1995) . The "similarity" model proposed by Duncan and Humphreys (1989) put an emphasis on the role of grouping of items by similarity, including the grouping of items whose similarity was based on the binding of features without attention (Humphreys, Quinlan, & Riddoch, 1989) . GS argued against such preattentive binding (Wolfe, 1992) . Found (1998) put these competing claims to an interesting test. He had participants search for tilted red lines among tilted white and vertical red lines. The critical manipulation was an irrelevant variation in a third variable, size: Items were either big or small, and the size of items was either correlated with the color and orientation of items or it was not. In the correlated case, within a trial, all items of one conjunction type had the same size and all items of the other conjunction type had the other size. For example, red vertical items might be big, whereas all white tilted items might be small; however, the specific relationship between size and the Orientation × Color varied from trial to trial. When size was uncorrelated, the size varied randomly with the Orientation × Color conjunctions within a trial, with the restriction that half of the elements in a trial were big and half were small. In both cases, the target item was equally likely to be either big or small; thus, size was uninformative of target presence. Found reasoned that GS should not care about whether or not the irrelevant size variable was tied to the task-relevant feature dimensions. If features were processed independently prior to the arrival of attention, the contributions of size would be the same in the two conditions. However, the results showed that the strongly correlated case was more efficient. Found argued that the sizecorrelated case had two groups of items (e.g., big red vertical and small white tilted), whereas the size-uncorrelated case had four. That is, the displays with more and smaller groups looked "noisier" and were somewhat harder to search through. Found considered this to be consistent with a similarity theory in which "preattentive vision delivers bound sets of features that relate to the same segmented object" (Found, 1998 (Found, , p. 1123 , and not consistent with GS, which would not deliver such preattentive bindings. Proulx (2007) expanded on these considerations and found that salient, task-irrelevant singleton features influence search efficiency. This led Proulx to propose that both GS and similarity theory understate the role of bottom-up saliency in conjunction searches (Proulx, 2007) .
Good evidence suggests that feature conjunctions can influence behavior even for conjunction items that GS and similar serial theories assume are available only preattentively or with minimal attention. For example, Mordkoff, Yantis, and Egeth (1990) had observers look for red X targets in displays with other items that could be red or Xs, but not both. In displays of two or six items, the critical comparison was between trials with one or two red Xs: RTs are faster with two Xs (redundancy gain; see also Pashler, 1987) . Importantly for the argument, the RTs were faster than would be predicted if each conjunction needed to be processed separately (Mordkoff et al., 1990) . Mordkoff et al. argued that, in a redundant display, both red Xs can be processed as conjunctions of red and X at the same time.
Converging evidence for this sort of preattentive processing of conjunctions has come from Mordkoff and Halterman's (2008) "correlated flankers task." In the standard flanker task, observers might be shown groups of three letters and told to hit the left key if the middle letter was an A and the right key if the middle letter was a B (B. A. Eriksen & Eriksen, 1974 ; C. W. Eriksen & Hoffman, 1973) . The standard finding is that it will take a little longer to respond if the flanking letters are incongruent with the central letter (BAB and ABA) than if the flankers are congruent (AAA, BBB). In Mordkoff and Halterman's version of the task, the target was a color-shape conjunction (e.g., a red square), and the flankers were other conjunctions that could be correlated with the target. Thus, blue diamond flankers might be correlated with the red square, though blue and diamond by themselves were not. These conjunctive flankers had an effect on RTs to the target, indicating that the combination of blue and diamond has been registered.
There is a long-running debate about the source of the flanker effect. The original hypothesis was that the flanker effect was evidence that the flanker letters were processed without attention, because attention was directed to the central letter. Later work questioned the assumption that one could completely deny attention to the flankers. For instance, Lavie and Tsal (1994) argued that, if the central task was not very demanding, some attentional resources would spill over to process the flankers. Kyllingsbaek, Sy, and Giesbrecht (2011) demonstrated that this load effect on the flanker task can also be explained by a parallel model with limited processing capacity and limited visual working memory. Regardless of one's position on this continuing debate (see, e.g., Lavie & Torralbo, 2010; Tsal & Benoni, 2010) , results like those of Mordkoff and Halterman (2008) do indicate that, under some circumstances, the conjoint appearance of basic features in an object can be processed with little or no attention.
Krummenacher and colleagues found evidence for coactivation of multiple features in visual search tasks (Krummenacher, Grubert, & Müller, 2010; Krummenacher, Müller, & Heller, 2001 . As in the Mordkoff work, conjunctions of color and shape produced RTs that were too fast to be explained if the two features were not being combined in some manner. Their "dimension-weighting" solution to this problem was a modification of GS.
In this article, we use higher-order conjunctions to revisit this issue of preattentive processing of the combinations of basic features. By "higher-order conjunctions," we mean targets that are defined by more than two features. In the real world, most objects in a complex environment would need to be defined by multiple features. Moreover, as will be seen, higher-order conjunctions give us other tools with which to address the questions of conjunctive target feature guidance and preattentive effects of feature conjunctions separately. Earlier work with triple conjunctions has provided evidence for an ability to guide attention on the basis of multiple dimensions (Dehaene, 1989; Quinlan & Humphreys, 1987) . Consistent with either GS or similarity theory, it is easier to find a triple conjunction if distractors share just one feature with the target than if they share two (Wolfe et al., 1989) . Typically, some features seem to guide more effectively than others, with color being a frequent winner (Williams & Reingold, 2001) .
The basic puzzle Figure 1 illustrates the basic challenge to models like GS posed by Found's (1998) work. The target in each case is a horizontal red rectangle. This is a triple conjunction task because some distractor items are red, some are horizontal, and some are rectangles; no single feature is adequate to do the task. In each case, one third of the items have the target properties. That is, both examples contain one third red items, one third horizontal, and one third rectangles. A standard model with separate representations for each dimension would see no preattentive differences between the two conditions. The difference between the conditions lies in the combinations of the features. On the left, every combination of the three values of the three feature dimensions is present, leading to a display with a target and 26 distractor types. On the right, only three of the 26 distractor types are used. However, the distributions of the individual features are the same in both displays; each feature is represented equally often. It is probably intuitively clear that the three-distractor case is easier than the 26-distractor case. Experiment 1a tested this intuition and showed that it can be supported by data.
Experiment 1a
In seven experiments, we examined the guidance of attention in visual search for targets defined by three or six features. We looked for and found evidence that cannot be explained by guidance by representations of independent stimulus attributes, and we considered whether these findings might require a mechanism of preattentive binding. In Experiment 1a, we provided empirical support for the impression that triple conjunctions are easier to find when there are fewer types of distractor items.
Method
Participants Thirteen paid volunteers (nine men, four women) participated in the experiment. Age information was available for 12 of the 13 participants; for these participants, the age range was 19 to 47. The participants had normal or correctedto-normal 20/25 vision, no history of eye or muscular disorders, and no color vision deficits when tested on Ishihara's tests for color blindness (Ishihara, 1987) . All participants gave informed consent prior to participation. One participant was excluded from the data analysis due to excessive miss rates. The miss rates of this participant exceeded the mean miss rate across all other participants by over two standard deviations.
Apparatus The stimuli were presented on Apple Macintosh OS X 10.5.8 computers. The experiments were run using the Psychophysics Toolbox in MATLAB 7.5.0 (R2007b). Each computer was connected to a 20-in. CRT screen, and the screen resolution was 1,280 × 960 pixels with a refresh rate of 85 Hz. Participants freely viewed the screen at a distance of approximately 60 cm, and responses were collected using a standard U.S. Apple keyboard.
Stimuli The stimulus set consisted of elements that had one of three features in each of the three feature dimensions of color, shape, and orientation. A stimulus element could be red (RGB: 200, 0, 0), green (RGB: 0, 170, 45), or blue (RGB: 0, 230, 230); vertical (0º), oblique (45º), or horizontal (90º); and rectangular, oval, or jagged. Thus, 27 types of feature conjunctions were possible (see Fig. 2 for the basic stimulus set).
In Experiment 1a, all participants searched for the same target: a red, vertical rectangle. Four distractor sets were used. In the first distractor set, all of the possible conjunction types, excluding the target, made up the set (as in the first display in Fig. 1 ). We call this the 26-conjunction (26D) set. Distractor Sets 2 and 3 each consisted of three conjunction types. These two conditions differed in how many features each distractor type shared with the target. In one of the three-distractor conditions, the distractors were red vertical ovals (sharing two features with the target), blue horizontal rectangles (one shared feature), and green oblique zigzag shapes (no shared features). This condition will be designated 3D(012). In the other three-distractor condition, the distractors were red oblique ovals, green vertical zigzag shapes, and blue horizontal rectangles. Each distractor shared one feature with the target; hence, this condition is designated 3D(1). The fourth and last distractor set in Experiment 1a was a 5D set and consisted of a red, vertical zigzag shape (sharing two features); a red vertical oval (also sharing two); a green oblique rectangle (sharing one); a blue, horizontal zigzag shape (sharing none); and a blue horizontal oval (sharing none). In the 26D and 3D sets, the proportions of basic features remained the same: one third of the items having each color, each orientation, and each shape. In the 5D set, there were fewer representations of green, rectangular, and oblique than of the other features. Importantly, in all conditions, the distractors shared one feature with the target, on average.
The display set size was 27 on half of the trials and 54 on the other half. These set sizes were picked so that all 26 distractors plus a target could be presented on a single trial. When distractor sets were subsets of the full set, distractors were repeated in a display. Equal (or almost equal) numbers of each distractor were presented on each trial. When the number of distractors did not divide evenly into the set size (in the 5D condition), the required additional distractors were drawn at random without replacement from the current distractor set.
The stimuli were presented on a white background (RGB: 255, 255, 255) in an 8 × 8 matrix, with a diameter of 950 pixels and centered on the screen. The stimulus elements were randomly presented in the 64 tiles of the matrix. Each element was placed in the center of a randomly chosen unoccupied tile and jittered a few pixels in order to avoid the alignment of elements.
Procedure Participants were instructed to look for the target, defined by three target features (i.e., the red vertical rectangle), and to respond as quickly and accurately as possible as to whether the target element was present or absent. The target remained the same across the whole experiment. Responses were made by pressing the predetermined "present" or "absent" key on the keyboard. The two response keys were marked by a red and a blue sticker on top of the A key and the L key, respectively. Participants were instructed to place Fig. 1 It seems intuitively clear (and will be shown empirically below) that it is harder to find a red, horizontal rectangle in the left image than in the right, even though both sets of stimuli have 1/3 red items, 1/3 horizontal items, and 1/3 rectangular shapes each of their index fingers on top of each of the two keys. Targets were present on half of the trials.
Each trial followed the same sequence of events. First, the description of the three target features appeared in the center of the screen for 500 ms, accompanied by a warning beep. This was followed by a stimulus display that remained present on screen until the participant responded. After the response, a screen showing the trial number, accuracy feedback, and RT for that trial was displayed for 500 ms. If an error response was made, three error beeps would sound, concurrent with the presentation of the feedback screen. After the feedback, the next trial was initiated after a 1,000-ms delay.
Participants started the experiment by completing 10-30 practice trials and 900 experimental trials with presentations of all display types intermixed pseudorandomly.
Data analysis
The RT data were trimmed by removing "outlier" trials with RTs more than three standard deviations greater than the mean for that participant. Trials with RTs below 200 ms were also removed from the analysis.
The RT data and accuracy data were examined separately through repeated measures analyses of variance (ANOVAs) with the factors Distractor Condition and Set Size. In the following analysis, Greenhouse-Geissercorrected p values are reported where Mauchly's test revealed that sphericity could not be assumed. The analyses were carried out separately for target-present and target-absent trials. For the RTs, we were particularly interested in whether the distractor sets significantly influenced search efficiency. Hence, when the general RT ANOVA revealed a significant interaction between set size and distractor condition, the relevant distractor conditions were compared by post-hoc ANOVAs or Student's t tests. Post-hoc p values were BonferroniHolm corrected. For the error data, our primary interest was to ensure that speed-accuracy trade-offs were not contributing substantially to any RT differences for the various distractor conditions. Therefore, when the error rate ANOVA revealed a significant effect of distractor set, the error rates were investigated further. For all ANOVAs, generalized eta square (ges) is reported for effect sizes.
Results and discussion
Using the outlier procedure described above, 2.1 % of the trials were removed from further analysis. Mean RTs are shown in Fig. 3 . First, they confirm that triple conjunction searches are very efficient when the target shares an average of one feature with the distractors. Note that all target-present slopes are less than 5 ms/item. Second, the results show reliable differences between the conditions, even though the feature maps should be equivalent in four of the five conditions (the 5D condition had slightly fewer green, oblique, and rectangular items).
Reaction times The RT ANOVAs revealed that the effects of distractor condition and the interaction between distractor condition and set size were significant, for both targetpresent and target-absent trials (see Table 1 ). In general, RTs increased and search efficiency decreased when the number of conjunction types in the distractor sets increased. For the target-present trials, the two 3D-26D slope comparisons were significant, as was the 5D-3D(1) comparison. For the targetabsent trials, all slope comparisons except for the 3D(1)-3D(012) comparison were significant. The results thus indicate that the searches were more efficient when fewer conjunction types were present, and that this pattern was more pronounced for the target-absent trials.
Error rates Out of the 5,602 target-present trials that were not removed by the outlier procedure, 255 errors occurred, in addition to 115 error trials out of the 5,337 target-absent trials. Investigations of the error rates revealed no significant effects for the target-present trials. For the target-absent trials, we found a significant main effect of distractor set (see Table 2 ); Fig. 2 The 27 items, defined by 3 colors × 3 shapes × 3 orientations however, none of the separate distractor-type comparisons revealed any significant effects. Numerically, the error rates followed the pattern suggested by the RTs, with higher error rates for the 26D condition (5.6 % errors), intermediate for the 5D condition (1.7 %), and lowest for the 3D conditions (<0.1 %). The error rate analyses thus did not suggest a speed-accuracy trade-off.
Experiment 1b: Replication
The results of Experiment 1a clearly indicated that the efficiency of search cannot be explained entirely by the activity in individual feature maps or their linear sum. If that were the case, there should have been no difference between the 26D and 3D searches. Even though all of these searches were very efficient, the 3D searches were easier than the 26D case.
In Experiment 1a, all participants searched for the same red horizontal rectangle. Moreover, replication is good practice. Accordingly, Experiment 1b was a replication of Experiment 1a with modest modifications. The 5D condition was dropped, and the target conjunction varied between participants.
Method
Participants Thirteen paid volunteers participated in the experiment (11 women, two men), with an age range of 20-51 years. All gave informed consent.
Target The target conjunction was chosen randomly from the set of 27 stimulus elements for each participant and remained the same for the whole experiment for that participant.
Distractor conditions Only the 26D(012), 3D(1), and 3D(012) distractor conditions of Experiment 1a were used. In Experiment 1b, the 3D distractor sets differed from participant to participant, since they were tied to the identity of the target.
Procedure Participants started the experiment with 24 practice trials and continued for 600 experimental trials. After the practice trials, participants were informed of their average RT and error percentage and were instructed to be both fast and accurate. After every 100 trials, participants were encouraged to take a short break and informed of their average RT and error rate.
Results and discussion
The outlier procedure resulted in a loss of less than 1.5 % of the trials. Figure 4 presents the participants' mean RTs for the three different distractor conditions as a function of set size for the target-present and target-absent trials. As can be seen (cf. Fig. 4 and Table 3), the basic pattern of results is similar to the one from Experiment 1a, with the 26D being harder than the 3D condition. In addition, we see an RT difference between the 3D(1) and 3D(012) conditions; however, no significant effect on search slopes is visible. The differences seen here between 3D(012) and 3D(1) will be of interest in later experiments, and had only been very weakly seen in Experiment 1a. The fragility of these differences may relate to a floor effect: Both 3D(012) and 3D(1) are very efficient searches.
Error rates For the target-present trials, 351 error trials occurred, out of the 3,805 trials not discarded as outliers. We observed main effects of distractor condition and set size (see Fig. 3 Mean RTs for Experiment 1. Error bars represent ±1 withinobserver SEMs using the method of a Cousineau (2005) , corrected as suggested by Morey (2008; Cousineau & O'Brien, 2014) . In some cases, error bars fall within the graphed data point Table 2 ), but no significant post-hoc comparisons. For the target-absent trials, participants made the wrong response on only 70 trials, out of the 3,779 targetabsent trials that were not discarded as outliers. For these 70 trials, we found a significant main effect of distractor condition, and comparisons revealed that errors occurred more often in the 3D(1) condition than in the 26D(012) condition (see Table 4 ; mean difference = .049). No other effects reached significance.
Discussion of Experiments 1a and 1b
Overall, the results of Experiments 1a and 1b suggest that search efficiency is influenced by the mix of distractor types in this triple conjunction search, even though the distribution of features is the same in all conditions (with small differences in the 5D condition). This result is in general agreement with the results of Found (1998; see also Krummenacher et al., 2001 Krummenacher et al., , 2002 Mordkoff & Halterman, 2008; Mordkoff et al., 1990; Takeda, Phillips, & Kumada, 2007) . Consistent with previous work, these are highly efficient triple conjunction searches. A standard guided search account would propose that this efficiency arises from the intersection of three sources of guidance. Using the target of Experiment 1a, attention would be guided to red, to vertical, and to rectangular shapes. Guidance of this sort, however, should be the same for all conditions and would not explain the differences between conditions. Similarly, it is not obvious how dimension weighting (Krummenacher et al., 2001 (Krummenacher et al., , 2002 would explain these effects. Why, then, do the results differ? One possible account for these differences occurs to almost everyone who introspects about these stimuli. Looking at Fig. 1 , might the 3D condition be easier because participants can select the red group and then look for a unique item in that subset? Participants certainly can search through subsets (e.g., Egeth et al., 1984) . This subset search strategy would be effective in the 5D and 3D conditions, but not in the 26D condition. The subset search strategy would be most efficient for the 3D(1) condition, for which subsets defined by any of the target features would allow for target identification based on any of the two other target features. For the 3D(012) and 5D conditions, the efficiency of the subset strategy would depend on the feature defining the subset. Experiment 2 tested this subset search hypothesis.
Experiment 2
In Experiment 2, we investigated whether the differences in search efficiency that we had observed in Experiments 1a and 1b were caused by the adoption of a subset search strategy. To test this, we constructed a new distractor condition and had participants do a search task that could only be completed by the use of a subset search. The distractor set contained 19 different conjunction types: All the possible blue and green conjunction types (see Fig. 2 ) and, crucially, only one of the red conjunction types. This red element was repeated nine times, thereby creating a group of similar red elements among the heterogeneous blue and green elements. On half of the trials, a single instance of a second type of red element was present. This was the target item. The participants were requested to report whether there was an oddball in the red subset; thus, the only way to solve the task was to use a subset search strategy. (2005), corrected as suggested by Morey (2008; Cousineau & O'Brien, 2014) . In some cases, error bars fall within the graphed data point
Method
Participants The same 13 volunteers as in Experiment 1a were tested. The task turned out to be very difficult, and five participants missed the target on more than 20 % of the trials. To be sure that we were not analyzing search patterns derived from unconventional search termination strategies, we analyzed RTs both including and excluding these participants. For the analysis excluding the five participants with high miss errors, age information was available for seven of the eight participants, with a range from 20 to 46 years old; four were men.
Distractor set Only one type of distractor condition was used, the red subset distractor condition. All of the 18 blue and green conjunction types were present in the distractor set. Furthermore, on each trial, one of the nine red conjunction types was randomly chosen and repeated nine times, forming a group of similar red elements.
Target On each target-present trial, one of the remaining eight red conjunction types was randomly chosen to be the oddball target. Procedure The participants were instructed to report whether an oddball was present among the group of similar red items. Participants started the experiment by completing 30 practice trials. The practice trials continued directly into the 300 experimental trials.
Results and discussion
Less than 1 % of the trials were removed by the outlier procedure. Figure 5 reproduces the data of Experiment 1a for the eight participants with reasonable error rates in Experiment 2. The diamonds in Fig. 5 depict the mean RTs for those eight participants as a function of display size for the subset search of Experiment 2. It should be clear that the subset search condition is notably slower than the slowest of the conditions from Experiment 1a.
Reaction times RTs in the subset condition of Experiment 2 were compared with RTs in the distractor conditions of Experiment 1a by repeated measures ANOVAs both for all of the participants and for the eight participants whose miss rates were acceptable (see Table 5 ). All effects were significant and were further explored by planned comparisons. The RTs for the subset condition were significantly higher than those for all of the distractor conditions of Experiment 1a. For the target-present trials, the mean RT difference between conditions ranged from 321 to 459 ms for the eight low-error participants (324 to 497 ms for all participants), the F(1, 7) statistic ranged from 19.90 to 34.01 for the eight low-error participants [F(1, 10) ranged from 38.00 to 50.02 for all participants], and all p values were below .004 and all ges > .65. A similar pattern was apparent for the target-absent trials. Here, the mean RT difference ranged from 494 to 1,141 ms for the eight participants (555 to 1,116 ms for all participants), F(1, 7) ranged from 11.35 to 24.27 [F(1, 10) for all participants ranged from 13.00 to 22.44], and all p values were below .015 and all ges > .45.
Comparisons revealed that the subset search slopes were significantly higher than the slopes for almost all other distractor conditions, when considering all participants (for the target-present trials, the comparison with the 26D condition only trended toward significance). When looking only at the eight participants who had reasonable error rates, the differences weakened. All comparisons were significant for the target-absent trials; however, for the target-present trials, only the comparison with the 3D(1) condition was significant; the 3D(012) and 5D comparisons trended toward significance. Overall, search was slower and less efficient in the subset condition than in the 5D and 3D conditions of Experiment 1a, for which a subset search strategy would have been possible.
Error rates Looking at the errors for the eight participants with reasonable miss rates, we found 95 errors out of the 1,193 target-present trials, and 15 errors out of the 1,183 targetabsent trials that were not removed as outliers. The error rate data did not indicate that the increase in search slopes for the subset condition was caused by a change in speed-accuracy settings (see Tables 2 and 4) . Overall, error rates were higher in the subset condition for target-present trials, whether or not the participants with the highest error rates were included in the analyses.
In general, the analyses suggested that participants were substantially worse at performing the subset search than performing any of the distractor conditions of Experiment 1a. Participants had a tendency to miss the targets in the subset search, whether or not the participants with the highest miss error rates were included in the analyses. Overall, the results from Experiment 2 clearly suggest that the participants were not applying a subset search strategy in Experiments 1a and 1b. Although a slight RT cost might have been expected due to the cost of using a variable conjunction target in Experiment 2, as compared to a constant conjunction target in Experiment 1a (<100 ms; cf. Kristjánsson, Wang, & Nakayama, 2002) , the subset costs that we found were substantially larger than this (>300 ms). The subset searches were significantly slower and less efficient than the distractor conditions for which a subset search strategy would have been possible. For the targetabsent trials, the subset search was even less efficient than the 26D condition. Thus, though introspection often suggests a subset search strategy in conjunction searches, the data suggest that subset searches are slower and/or less efficient than what we assume to be "guided" searches for targets defined by specified features. A similar conclusion was reached by Friedman-Hill and , who performed a comparable experiment with two-dimensional conjunctions.
Discussion of Experiments 1 and 2
The number of distractor types and their similarity with the target influence the slopes and intercepts of RT × Set Size functions, even when the distribution of basic features is held constant [i.e., the 26D, 3D(012), and 3D (1) conditions]. In the visual search literature, RT × Set Size slopes are taken to reflect the efficiency of the search process itself, whereas changes in the intercept reflect nonsearch processes, including those in initial stages of visual processing or relatively late decision processes. Looking at Fig. 5 , for example, the slope of the 26D condition is elevated relative to the 3D conditions. This presumably reflects some slowing of search. The intercept is elevated for the 26D absent trials. In this experiment, observers were probably slightly more reluctant to commit to an "absent" response in the "noisier" 26D condition. Both aspects of these results demonstrate that performance on these tasks can be influenced by something beyond the distribution of basic features. The massive,~300-ms elevation of the intercept in the subset condition presumably reflects the twostep nature of that task: Get the subset, then examine the subset for the target. The fact that this is so much slower than performance in the normal triple conjunction tasks is strong evidence that observers do not do two-step subset searches in the 3D, 5D, and 26D conditions.
How, then, should we explain the differences between the conditions? The results are inconsistent with linearly summed guidance from three independent feature maps, as in standard GS. It is not obvious how a dimension-weighting account (Krummenacher et al., 2001 (Krummenacher et al., , 2002 would explain this pattern of results, nor is it clear why a parallel-coactivation account (Mordkoff et al., 1990) would produce, for example, slower RTs for the 26D conditions. This is not to say that any of these approaches is inconsistent with the results, only that each of the approaches would need to consider how to accommodate those results.
Two forms of interaction seem plausible.
Factor 1: Target-distractor similarity, or "sharing" Returning to Fig. 1 , if the target is a red, horizontal, rectangle, the distractors can share either zero, one, or two features with that target. In the threedistractor-type example in Fig. 1 , each distractor shares just one feature with the target (e.g., the red tilted ovals share only redness with red vertical rectangles). It is known that search becomes harder if the number of shared features is increased (Wolfe et al., 1989) . In the 26-distractor condition, some distractors share two features with the target, some one, and others zero. The average is one shared feature. However, if the effects of sharing are not linear, the presence of distractors sharing two features might explain why the targets are harder to find in the 26D condition. Experiment 1a did not provide strong support for this hypothesis, since conditions 3D(012) and 3D(1) produced very similar results, even though 3D(012) has a mix of distractors sharing zero, one, and two features, whereas 3D(1) has distractors sharing just one feature with the target. However, as we noted above, the failure to find a difference between these conditions might be a floor effect, since 3D(1) and 3D(012) are both very efficient searches. Factor 2: The number of element types in the displays, or "grouping" For each feature dimension, there are three groups of features (e.g., red, green, and blue groups). In the 3D conditions, these three groups have exactly the same spatial distribution for each feature dimension. In the 26D condition, on the other hand, the three groups are never aligned across feature dimensions. In guided search and related models, the activity from feature maps is pooled into a cross-feature, attentional "priority" map (Serences & Yantis, 2006) . Attention is guided to peaks of activity in that map. Some studies have reported evidence of feature coactivation prior to selection (e.g., Weidner & Müller, 2009 , suggesting that this pooling in not necessarily additive. From a bottom-up perspective, the 3D condition, with its aligned groups, might be less "noisy" than a 26D condition, with unaligned groups. This point is graphically illustrated in Fig. 15 later in this article.
Experiments 1a and 1b are consistent with a role for a Grouping factor, but the topic requires further testing. In Experiment 3, we examined the relative contributions of grouping and sharing by using conditions in which the sharing variable might not be lost to a floor effect.
Experiment 3
Experiment 3 repeated the most efficient and least efficient conditions of Experiments 1a and 1b. These were the 26D condition with all distractor types present and the 3D(1) condition, in which three distractor types were present, each sharing one feature with the target. Experiment 3 introduced two new, intermediate conditions with 12 types of distractors. In the 12D(1) condition, all distractors shared exactly one feature with the target, similar to the 3D(1) set. In the 12D(012) condition, the distractors shared zero, one, or two features with the target. In the 26D condition, the distractors also shared zero, one, or two features with the target. Note that, as before, all of these stimulus conditions had equivalent representations in separate feature maps: On average in each condition, one third of the items were red, one third blue, and one third green. The same held for the distributions of orientation and shape. Thus, the only changes between the distractor conditions were with respect to the conjunctions of the features, implemented in the number of groups and the sharing distributions.
Method
Participants Thirteen participants (ten women, three men) served as paid volunteers in this experiment. Their ages ranged from 19 to 45 years. All gave informed consent.
Distractor conditions Four different distractor conditions were used, as described above. The exact stimulus elements were randomly drawn on each trial, for all the distractor sets for which this was possible [i.e., not the 26D(012) and the 12D(1) sets, in which all appropriate stimuli were needed on each trial]. Importantly, in all four distractor conditions, all features were equally represented across displays.
Target The participants searched for a red, vertical rectangle.
Procedure The experiment started with 32 practice trialstwo trials in every condition (4 distractor sets × 2 set sizes × 2 target present/absent). Each participant served in 800 experimental trials, yielding 50 observations per condition per participant.
Results
Less than 2 % of the trials were removed by the outlier procedure. Figure 6 presents the participants' mean RTs for the four different distractor conditions as a function of set size for target-present and target-absent trials. The results replicate the earlier results and now add a clear difference between 12D(1) and 12D(012) conditions.
Reaction times
The ANOVA for the target-present RTs revealed a main effect of distractor condition, F(3, 36) = 25.43, GGe = 0.43, p < .001, ges = .09, and set size, F(1, 12) = 26.81, p < .001, ges = .10, but no significant interaction. Further analyses of the RTs based on sharing and groups confirmed what is evident from Fig. 6 : Sharing influenced the RTs significantly-the 12D(012) condition had significantly higher RTs than the 12D(1) condition, F(1, 12) = 25.04, p < .001, ges = .41, mean difference = 84.62 ms, whereas, in this case, grouping had no significant effect on the RTs. The 12D(012) condition did not differ significantly from the 26D(012) condition, F(1, 12) = 7.21, p = .825, ges < .01, mean difference = -5.23 ms, nor did the 12D(1) condition differ significantly from the 3D(1) condition, F(1, 12) = 0.03, p = .870, ges = 0.41, mean difference = 1.17 ms.
Analyses of the target-absent RTs revealed significant main effects of distractor condition, F(3, 36) = 40.49, GGe = 0.38, p < .001, ges = .24, and set size, F(1, 12) = 31.55, p < .001, ges = .14, as well as a significant interaction between the two, F(3, 36) = 20.79, p < .001, ges = .03. RT comparisons based on sharing and grouping revealed significant effects of both factors-the 26D(012) condition was significantly slower than the 12D(012) condition (grouping), F(1, 12) = 7.39, p = .019, ges = 0.06, mean difference = 42.18 ms; the 12D(1) condition was significantly slower than the 3D(1) condition (grouping), F(1, 12) = 21.24, p = .001, ges = .48, mean difference = 130.49 ms; and the 12D(012) condition was significantly slower than the 12D(1) condition (sharing), F(1, 12) = 79.66, p < .001, ges = .52, mean difference = 153.53 ms. The comparisons of the target-absent slopes were not as consistent, and revealed significant differences between the 12D(012) and 12D(1) conditions, F(1, 12) = 17.82, p = .002, ges = .04, and the 12D(1) and 3D(1) conditions, F(1, 12) = 20.60, p = .002, ges = .14. However, the 26D(012) and 12D(012) conditions did not differ significantly from each other: F(1, 12) = 0.56, p = .469, ges < 0.01.
Error rates Out of the 5,174 target-present trials not discarded as outliers, 386 error trials occurred, and out of the 5,056 target-absent trials, 109 had errors. ANOVAs revealed significant main effects of distractor condition and set size for both the target-present and target-absent trials, but no interaction (see Table 2 ). Comparisons based on sharing and grouping revealed that the miss error rates were significantly higher in the 3D(1) condition than in the 12D(1) condition. False alarm error rates were significantly higher for the 12D(012) condition than for the 12D(1) condition (see Table 4 ).
Discussion
On the face of it, the results from Experiment 3 might seem to be at odds with the findings of Experiments 1a and 1b. In Experiments 1a and 1b, no evidence for an effect of shared features was apparent in the comparison between conditions 3D(012) and 3D(1). In Experiment 3, however, we found clear evidence that condition 12D(012) was harder than 12D(1). Indeed, in Experiment 3, at least for the target-present trials, all of the difference between the 26D and 3D conditions might be explained by the sharing factor. The 3D(1) and 12D(1) target-present results were essentially identical, although they differed in grouping. This conclusion is somewhat challenged by the absent trials, among which 12D(1) was more difficult than 3D(1)-evidence for an effect of grouping. We speculate that, like Experiments 1a and 1b, Experiment 3 suffered from a floor effect. In Experiment 3, the 12D(1) and 3D(1) conditions may have produced the same results because those searches were about as fast and efficient as they could be. In Experiments 1a and 1b, on the other hand, the 3D(1) and 3D(012) conditions were maximally fast and efficient. Both sharing and grouping can be seen when the tasks are made a little more difficult.
Experiment 4
The interpretation of the preceding experiments is complicated by some rather high miss error rates. Comparisons between conditions may have been contaminated by speed-accuracy trade-offs. Thus, in Experiment 4, we replicated the important conditions using a localization task: A target was present on every trial, and the participants marked the location of the target with a mouse click. This strongly discouraged errors.
Method
Participants Twelve paid participants (seven women, five men) took part in the experiment, with an age range of 19-55 years. All gave informed consent.
Distractor conditions
The five different distractor conditions of Experiments 1b and 3 were replicated in Experiment 4: 26D(012), 12D(012), 3D(012), 12D(1), and 3D(1). The conditions were intermixed within a block of trials.
Target For each participant, a target was randomly drawn from the stimulus set. The target element remained the same across the experiment. Procedure The participants' task was to find the target and to click on it with a computer mouse as quickly as possible. The target was present on all trials. An arrow indicated the mouse position on the screen and always appeared in the center of the screen when the trial started. Participants were allowed an error margin of 20 pixels outside the target element when they made the click. Each participant served in 500 experimental trials, equaling 50 observations per data point. The participants started the experiment with a short training session of 30 trials.
Results
Trials with RTs more than three standard deviations from the mean of that participant or faster than 500 ms were counted as outliers and removed from further analysis. Out of the 6,000 trials that were completed by the 12 participants, 98 were removed as outliers. Participants' mean RTs for the five different distractor conditions are depicted as a function of set size in Fig. 7 and show effects of both grouping and sharing.
Reaction times The ANOVA revealed significant main effects of set size, F(1, 11) = 37.77, p < .001, ges < .01, and distractor condition, F(4, 44) = 48.12, GGe = 0.57, p < .001, ges = .06, as well as a significant interaction, F(4, 44) = 2.93, p = .025, ges = .01. Instead of comparing the individual distractor conditions, we further analyzed the data with a 2 × 2 × 2 repeated measures ANOVA with the factors Set Size (27 or 54), Sharing (1 or 012), and Groups (3D or 12D), leaving out the 26D(012) distractor condition. This analysis revealed main effects of set size, F(1, 11) = 29.41, p < .001, ges = .08; sharing, F(1, 11) = 174.63, p < .001, ges = .05; and groups, F(1, 11) = 9.47, p = .010, ges = .06. The Set Size × Sharing interaction was also significant, F(1, 11) = 8.04, p = .016, ges = .01. No other interactions were significant.
Error rates Across all participants, there were 33 error trials (less than 0.6 % of the trials) among the 5,902 trials not removed by the outlier procedure. An ANOVA of these errors revealed no systematic patterns; none of the effects were significant.
Discussion
Experiment 4 again confirmed the basic result that the distribution of distractor features influences visual search, even if the distribution of the individual features is the same. Because the results were broadly similar to those of the previous experiments, Experiment 4 indicated that the previous results were not driven by differences in speed-accuracy trade-offs.
In this version of the experiment, both sharing and the number of conjunction groups had effects on the time that it took participants to locate the target, though only the Sharing factor affected search efficiency.
Experiment 5: Accuracy measures
In Experiment 4, performance was pushed away from the floor effects of the previous experiments by forcing the participants to localize a target on every trial. This approach eliminated speed-accuracy trade-offs but imposed a high decision criterion. In Experiment 5, we went one step farther and presented stimuli briefly, thereby letting the criterion vary freely, driving performance away from high accuracy and allowing us to see whether evidence for sharing and grouping could be found in brief presentations. These temporal constraints are of interest because a number of studies have suggested that similarity effects develop gradually as stimulus presentation time passes (Lamberts, 1998; Verghese & Nakayama, 1994) . Similarly, some aspects of attentional guidance to feature conjunctions appear to be time dependent (Kunar, Flusberg, Horowitz, & Wolfe, 2007; Kunar, Flusberg, & Wolfe, 2008) . By looking at performance at very short exposure durations, we were able to investigate whether the grouping and sharing effects come into play at distinct points in time of the processing and whether either of the effects takes precedence over the other.
Method
Participants Ten paid participants (seven women, three men) volunteered for the experiment, with an age range of 18-54 years. All gave informed consent.
Apparatus For Experiment 5, the stimuli were presented on an Apple iMac OS X 10.6.8 computer, and the experiment was run using the Psychophysics Toolbox in MATLAB 7.4.0 (R2007a).
Stimuli
The following distractor conditions were used: 12D(012), 12D(1), 3D(012), and 3D(1). Due to the brief exposure durations, the stimulus presentation matrix was reduced to a 7 × 7 matrix with a diagonal of 680 pixels: The set size was either 12 or 36.
Target For each participant, a target was randomly drawn from the stimulus set. The target elements remained the same across the experiment. Procedure The participants' task was to report whether the target was present or absent. Stimulus displays were presented briefly and were postmasked by a pattern mask that covered the stimulus presentation matrix (see Fig. 8 ). On half of the trials, the exposure duration was 110 ms; on the other half of the trials, it was 200 ms. The participants started the experiment with an extensive training session of 400 trials, to get used to the very short exposure durations. After the training session, participants continued into the 1,600 experimental trials.
Results
On the basis of the accuracy data, d' and criteria (Green & Swets, 1966) were computed for each participant at each exposure duration, set size, and distractor condition. The computed d' values are depicted in Fig. 9 , and the criteria are shown in Fig. 10 . Figure 9 shows a pattern of accuracy similar to the pattern of RTs in, for example, Fig. 7 (remembering that higher d' and lower RTs are the markers of better performance). It is interesting to note that the criteria (Fig. 10) broadly follow the pattern shown in d' (Fig. 9) : As the task gets harder, criteria become more liberal, with participants becoming more inclined to guess that a target might be present. These patterns were investigated separately for d' and criterion using repeated measures ANOVAs with the factors Set Size, Exposure Duration, Sharing, and Groups.
d' analysis
The ANOVA revealed that all main effects were significant (see Table 6 ). Exposure duration did not have a significant influence on any of the two conjunctive effects. Interestingly, the Sharing × Groups interaction was also significant. Comparisons revealed that groups had no significant influence when all distractors shared one feature with the target [i.e., 3D(1) vs. 12D(1); see Table 6 and also Fig. 9] . However, the number of groups did influence d' when the number of features shared varied [3D(012) vs. 12D (012)]. The sharing distribution, on the other hand, had a significant influence on d', irrespective of the number of groups in the displays.
Criteria Similar to the d' analysis, the ANOVA for the criteria revealed that all main effects were significant. Comparisons based on sharing and groups revealed that both components had significant effects across all the sharing and group combinations (see Table 6 ).
Discussion
The results of Experiment 5 demonstrated that the effects of both grouping and sharing can be seen in accuracy data at very short exposure durations of 110 and 200 ms. The effects do not appear to develop over the time range investigated here, and neither comes into play before the other. However, the effects of grouping are statistically reliable only when the sharing varies from zero to two features. This is interesting, since, for these short exposure durations, it cannot be argued that the conditions with one shared feature are at ceiling. The results thus suggest that the Sharing factor may be, in some sense, dominant over grouping.
Experiment 6
In Experiment 6 we returned to RT measures, to explore the causes of the sharing effect. Specifically, the significant effect of sharing distribution on search efficiency in the previous experiments suggested that a linear increase in the number of features that a distractor shared with the target did not produce a linear increase in the probability that the distractor would attract attention in the course of search. We hypothesized that (Cousineau & O'Brien, 2014; Morey, 2008) items sharing no or one feature with the target were similarly unlikely to be attended, whereas items sharing two features were significantly more disruptive. In order to test this hypothesis, Experiment 6 compared searches in which all of the distractors shared no features with the target to those in which all distractors shared one feature with the target and those in which all distractors shared two features with the target.
Four conditions were created in Experiment 6. Two of these were replications of the distractor conditions from previous experiments: 3D(1), in which each of the three distractors shared one feature with the target, and 3D(012), in which one of the three distractors shared no features with the target, another shared one feature, and the third shared two features. The third condition was 3D(0), in which all distractors shared no features with the target, making this a particularly easy feature search, because the target was unique in color, shape, and orientation. The final condition was 3D(2), in which each distractor shared two features with the target. In all cases, the target was a red, vertical rectangle. Note that in this experiment, it was not the case that the distribution of features was the same across conditions. In conditions 3D(1) and 3D(012), as before, 1/3 of the items were red, green, and blue, and so on. In condition 3D(0), the target features were unique in the display. In condition 3D(2), 2/3 of the items were red, 2/3 vertical, and 2/3 rectangular. The purpose of the experiment was to examine the function relating shared features to search efficiency and to see where 3D(012) would lie on that function.
Method
Participants A total of 15 participants (nine women, six men) took part in the experiment, with an age range of 18-49 years. All were paid and gave informed consent.
Procedure Participants were tested on four blocks of trials, corresponding to the 3D(0), 3D(1), 3D(2), and 3D(012) conditions described above. In all, they performed 20 practice trials and 200 experimental trials. Targets were present on 50 % of the trials, and participants gave a forced choice present-absent response via the keyboard.
Results
Two of the participants were removed because their data sets were incomplete. Two others were removed for excessive errors (>25 % in some conditions). The remaining 11 participants had an age range of 20-49 years, and four were men. Trials with RTs more than three standard deviations from the mean or faster than 150 ms were counted as outliers and removed from further analysis [1.5 % of trials; note that the lower cutoff of 150 ms was used here because the blocks of 3D(0) trials produced very fast RTs, meaning that 200-ms RTs were more likely to be real responses]. Participants' mean RTs for the four different conditions are depicted as a function of set size in Fig. 11 . It is clear that distractors that share two features with the target are far more disruptive than distractors sharing one feature or no features.
Reaction times
The target-present RTs revealed significant effects of distractor condition, F(3, 30) = 28.73, GGe = 0.38, p < .001, ges = .48, and set size, F(1, 10) = 39.87, p < .001, ges = .034, together with a significant interaction, F(3, 30) = 17.81, GGe = .65, p < .001, ges = .06. Comparisons of the RTs (see Table 7 ) revealed that the 3D(012) condition was not significantly slower than the 3D(1) condition, though the difference trended toward significance. The 3D(012) condition was faster than the 3D(2) condition, confirming the extra cost of distractors sharing two features with the target. Regarding search efficiency, the 3D(012) slope was only significantly different from the 3D(2) slope, not from the 3D(1) slope. However, as we discussed earlier, these searches were very fast and likely susceptible to floor effects.
A similar pattern of results was evident for the target-absent trials: distractor condition, F(3, 30) = 56.69, GGe = .39, p < .001, ges = .60; set size, F(1, 10) = 64.32, p < .001, ges = .09; and a significant interaction, F(3, 30) = 23.82, GGe = 0.44, p < .001, ges = .09. For the target-absent trials, RT comparisons revealed the same pattern as for the target-present trials: Participants were significantly slower at quitting the search in the 3D(012) condition than in the 3D(0) condition; the difference trended toward significance when compared to the 3D(1) condition; but performance was faster than in the 3D(2) condition. Although the target-absent slopes for the 3D(012) condition did not differ significantly from the 3D(1) slopes, they were significantly lower than those for the 3D(2) condition.
Error rates Out of the 5,676 no-outlier target-present trials, there were 417 errors. The target-present error rate ANOVA Fig. 8 Example of the mask used in Experiment 5 revealed significant effects of distractor condition and set size, together with a significant interaction (see Table 2 ). Participants made significantly more errors in the 3D(2) condition than in the 3D(012) or 3D(1) condition (see Table 4 ). No other comparisons were significant. For the 5,649 no-outlier targetabsent trials, only 66 false alarms occurred. We found a significant interaction between set size and distractor condition. The main effects did not reach significance.
Discussion
As is clear from Fig. 11 , the relationship of search efficiency to number of shared features is distinctly nonlinear. The 3D(0) condition is more efficient than 3D(1), but 3D(2) is much less efficient than 3D(1). This function explains why 3D(012) is somewhat slower than 3D(1), though not significantly so in this experiment: The harm to performance produced by distractors sharing two features with the target outweighed the benefits produced by distractors sharing no features with the target. The same account would explain the difference between the 12D(1) and 12D(012) conditions of Experiments 3, 4, and 5. The interaction between a target of one type and different mixtures of distractors is systematic, but not trivial to model; obviously, we cannot just average the number of shared features. If so, conditions in which all items shared one feature with the target would be the same as the (012) conditions. Nor can we simply average the slopes of the 3D(0), 3D(1), and 3D(2) conditions to get the 3D(012) result. Experiment 7 reinforced this point by extending the results to six-dimensional conjunctions.
Experiment 7
At the outset of this article, we noted that most objects in the real world would be defined by conjunctions of multiple features. In the experiments to this point, we had extended the usual two-dimensional conjunctions to three dimensions. In Experiment 7, we went to six dimensions to provide evidence that the rules that apply to simpler conjunctions continue to apply as the conjunctions become more complex. In particular, this allowed us to examine the effects of the number of shared features over a wider range than had hitherto been possible.
Method
Participants Ten participants (five women, five men) volunteered for the experiment, with an age range of 18-47 years. All were paid and gave informed consent.
Stimulus set Examples of the stimuli are shown in Fig. 12 . These stimuli take advantage of the fact that it is possible to guide attention to features of the whole object and, at the same time, to features of a part (Bilsky & Wolfe, 1995; Wolfe, Friedman-Hill, & Bilsky, 1994) . Thus, whereas search for a conjunction of two colors is inefficient (Wolfe et al., 1990) , search for an object defined by the conjunction of the whole and the color of a part is much more efficient. In Experiment 7, as is shown in Fig. 12 , each stimulus element consisted of two components-a smaller figure (part) embedded within a larger figure (whole). The whole and the part of an element each varied in shape, orientation, and color-similar to the stimuli of the preceding experiments. Here, the colors could be red, green, yellow, and blue; the orientations were vertical, horizontal, oblique, and unoriented (all sides of the shape having equal length); and the shapes were rectangular, oval, and jagged. The whole and the part always had two different colors. The orientation and shape features could be the same for the whole and for the part of a stimulus element. The background color of the stimulus display was black (RGB: 0, 0, 0). This yielded a set of over 2,000 possible items.
Distractor conditions Five different distractor conditions were used in this experiment. For all five conditions, the distractor set consisted of six different types of conjunction elements. In the first condition, all distractors shared exactly one feature with the target; in the second condition, all distractors shared exactly two features with the target; and so on until the fifth distractor condition, in which all of the distractors each shared exactly five features with the target. Thus, the distractor conditions of the present experiment were 6D(1), 6D(2), 6D(3), 6D(4), and 6D(5). The features that the distractors of a given condition shared with the target were evenly distributed among the distractors. That is, for the 6D(1) condition, each distractor shared a different feature with the target, out of the possible six features. Note that the experimental setup did not allow for equal distributions of the 11 individual features among the parts and the wholes: As feature sharing increased, the number of different features that were represented in the displays decreased. In the example given in Fig. 12 , the target is a yellow, vertical rectangle with a red, oblique, vertical part. Each item shares two features with the target. Thus, the item directly below the target shares the "rectangular" feature of the whole and the "red" feature of the part.
Target For each participant, a target was randomly drawn from the stimulus set. The target element remained the same across the experiment. Procedure The participants' task was to report whether the target was present or absent. The target was present on half of the trials, and the set size was 18 on half of the trials and 36 on the other half. The experiment was blocked by distractor condition. Each block began with 30 practice trials that continued directly into 300 experimental trials. The order of the blocks was randomized across participants.
Results
In all, 3.6 % of the trials were discarded as outliers. The mean RTs for the remaining trials are depicted for each distractor condition as a function of set size in Fig. 13 . Slopes and error rates are plotted as a function of the number of shared features in Fig. 14 . The basic result is clear: Search becomes slower, less efficient, and less accurate as the number of shared features increases. Search is very efficient if distractors share only one or two features with the target. By the time that targets differ in only one feature, the search is quite difficult. The search slopes of 38.3 ms/item for target-present and 62.9 ms/item for target-absent trials undoubtedly underestimate the true inefficiency of the 6D(5) condition, since miss errors also rose markedly with the number of shared features; [For all RT comparisons based on one step-e.g., share 1 vs. share 2-this increase was highly significant in every step for both target-present and target-absent trials, F(1, 9) = 13.54 to 128.18 , all ps ≤ .005, ges > .50. The decrease in search efficiency was only significant in two of the one-step comparisons for the target-present trials {6D (2) Error rates Miss error rates are plotted in Fig. 14 (right panel) and clearly covary with slope. On average, participants made 12.1 % miss errors and 1.3 % false alarm errors across the experimental conditions. For the target-present trials, we found significant main effects of distractor condition and set size on the miss error rates (see Table 2 ). Miss errors increased with set size and with the number of shared features. The interaction was not significant. None of the effects were significant for the target-absent (false alarm) error rates.
Discussion
The results of Experiment 7 extend the investigation of the Sharing factor from the earlier experiments. When the number of features that are shared with the target is relatively low (≤3), the shared features have an accelerating, nonlinear influence on search efficiency (see Fig. 14 , left graph). This is in broad agreement with Duncan and Humphrey's (1989) observation that search difficulty increases as target-distractor (T-D) similarity increases. The other tenet of similarity theory is that search becomes easier as distractor-distractor (D-D) similarity increases. For the present experiment, D-D similarity actually increased as the number of T-D shared features increased. For example, when the target shared five features with the distractors, a red target would necessarily be presented in a field with mostly red distractors. Apparently, in the present experiment, the T-D costs overwhelmed the D-D benefits. Thus, even more dramatic increases in search slopes might be expected if the distractor feature distribution could be held constant across conditions. In the GS model (Wolfe, 1994; Wolfe et al., 1989) , the efficiency of search depends on what proportion of the distractors on a given trial have greater "activation" than the targets. In the present experiment, we can imagine the target as being the sum of six random, positive signals. A distractor from the 6D(5) set would be the sum of five such signals, a distractor from the 6D(4) set would be the sum of four, and so on. A range of variations on this simple model would produce results that are qualitatively similar to the results in Fig. 14 .
The nonlinear effects of T-D similarity can be seen by comparing the slope results of Experiment 6 (dashed lines in the left panel of Fig. 14) with those from Experiment 7 (solid lines). Note that the results are rather similar when targets share one feature with the distractor, whether that feature is one of three (Exp. 6) or one of six (Exp. 7). However, when target and distractors shared two features, search was more difficult in Experiment 6 than in Experiment 7, presumably because a distractor with two of three target features is markedly more similar to the target than is a distractor with two of six target features.
General discussion
To briefly summarize, across all of our experiments, we found evidence that conjunctive variations of features influence search difficulty. Experiments 1a and 1b confirmed that triple conjunction search is influenced by the mix of features in the distractors in the search display. Search is somewhat harder when more distractor types are in the displays, even if those search displays have the same feature content. Experiment 2 showed that this is not a result of a "subset search" strategy. Experiments 1a, 1b, and 2 support the role of a Grouping factor-that the number of different conjunctions in a display influences search. That is, displays with just three groups of distractors are easier to search than displays with 26 groups. Experiments 3 and 4 demonstrated the importance of the Sharing factor-how many features a distractor shares with the target. Experiment 5 confirmed that these effects are in play even at very short exposure durations, and suggested that feature sharing may be a stronger driver of performance than is grouping. Experiment 6 showed that the impact of shared features is nonlinear: Sharing two of three features with the target is markedly worse than sharing one, whereas sharing no features is only a bit better than sharing one. Finally, Experiment 7 extended this result to six-dimensional conjunctions, showing a nonlinear function relating search efficiency to number of shared features.
Extending guided search
How do the findings presented here change our understanding of the guidance of attention in visual search for conjunctions? In the guided search model, the slope of the RT × Set Size function (at least, for target-present trials) reflects the average proportion of distractors that are selected before the target is selected (Wolfe, 1994 (Wolfe, , 2007 Wolfe et al., 1989) . In GS, that selection is based on a combination of bottom-up, stimulusdriven activation (salience) and top-down, user-driven activation. Thus, a red item among green items has high bottom-up salience, regardless of the identity of the target. If the target is known to be, for example, a red, vertical, rectangular item, all red items, all vertical items, and all rectangular items will receive some top-down activation on the basis of the features that they share with the target. Top-down and bottom-up activation are summed across features into a "priority" map (Serences & Yantis, 2006) . The relative priority of the target produces the efficiency of search. This could be calculated in various ways, but one useful proposal has come from Moran, Zehetleitner, Müller, and Usher (2013) , who suggested that Probability of selecting the target on this step ¼ Target Priority=sum Priority ð Þ : Fig. 12 Six-dimensional conjunctions used in Experiment 7. Each item had a color, orientation, and shape, as well as a part with its own color, orientation, and shape. The target is a yellow vertical rectangle with a red, oblique, oval part. Although it may not be obvious, in this example, each distractor shares exactly two features with the target
The results of the experiments reported here show that the probability of selecting a target cannot be a simple linear function of the number of target features that are present in the displays. If the function were linear, the slope for 3D(2) would be roughly twice that for 3D(1), because the sum of all priorities in 3D(2) would be twice that for 3D(1), and consequently, the probability of selecting a target on the current step would be reduced by half. Moreover, the sums of priorities would be the same in 3D(1) and 3D(012) conditions. Instead, the data suggest that distractors that share two out of three features with the target have a high probability of having a larger activation than the target element. Distractors that share one out of three features with the target have a much lower probability of having larger activation than the target element, yet not quite as low as the probability for distractors sharing zero features. The results are in line with a signal detection account of the selection process (see Fig. 15 ), similar to earlier proposals for target selection in GS (Wolfe, 1994) . Here, selection priority is determined by signal strength, which is computed as the sum of target feature signals, bottom-up signals plus some Gaussian noise. In this case, there will be a high probability of selecting a distractor when the distribution of the distractor signal overlaps with the body of the target signal distribution, as illustrated in Fig. 15 . The influence of distractors quickly drops, and then levels off when only the tail of target and distractor signal distributions overlap. As we noted above, this nonlinear probability function would account for the difference between 3D(1) and 3D(012).
The foregoing discussion gives an account of the sharing effect, but it would not explain grouping effects, since the priority calculations just described operate at the level of isolated items in the display. However, as Proulx (2007) pointed out, previous accounts of conjunction search effects may have over-relied on top-down signals. Indeed, by looking more closely at the bottom-up signals that feed into the overall priority map, we can account for the grouping effects in the present studies. First, it is known that bottom-up salience is dependent on neighborhood effects. Thus, a green item is salient if it is surrounded by red. The same green is less salient if it is surrounded by yellow, even if red items are present elsewhere in the display (Nothdurft, 1993) . This is cartooned in Fig. 16 . The figure shows examples of 3D(012) and 26D(012) trials. The figure shows the boundaries of the sets of red, vertical, and rectangular objects in both cases. In this experiment, these boundaries would often be locations with high local contrast, and thus with high bottom-up salience. Note that other boundaries could be drawn: blue versus green, jagged versus oval, and so forth. It should be clear that the 26D condition produces a much "noisier" landscape of bottom-up saliency than does the 3D condition. Note that all of these local contrasts between items should be thought of as noise; they do not help the participant to find the target, which is found by guiding attention to red, to vertical, and to rectangles. In 3D(012), on the right of Fig. 15 , the local contrasts in each feature line up with each other. In 26D(012), they do not line up. If we assume that the sum of three aligned local contrasts is less than three times as attention-grabbing as a single-feature local contrast, then the 26D(012) condition would be "noisier" than the 3D(012). A similar observation was noted by Rosenholtz and colleagues in relation to visual scene complexity (Rosenholtz, Li, & Nakano, 2007) . When feature covariance is high, scenes appear to be less cluttered, and a larger range of target feature combinations are salient, thus giving a plausible account of the basic grouping effect in these experiments.
Preattentive binding
The original motivation for this work was to examine the mechanisms that could lead to the conjunctive effects on Fig. 13 RT × Set Size functions for Experiment 7. Error bars represent ±1 within-observer SEMs using the method of Cousineau (2005) , corrected as suggested by Morey (2008; Cousineau & O'Brien, 2014) search efficiency that were reported by Found (1998) . Our results support the claim that conjunctive feature variation can influence search efficiency. However, following the argument laid out above, this does not need to imply preattentive feature binding: The grouping and sharing effects allow the results to be explained within the context of a model, like guided search, that does not permit preattentive binding. At the same time, it must be noted that the present results do not rule out the possibility of preattentive binding. Certainly, there is evidence for preattentive interactions between separate dimensions like color and orientation. For example, Houck and Hoffman (1986) showed that a McCollough (1965) effect could be obtained with stimuli that were largely unattended. In the McCollough effect, participants adapt to orthogonal colored gratings-for instance, red verticals and green horizontals. This produces an orientation-contingent color aftereffect. Vertical black and white gratings would now appear tinged green, whereas horizontal gratings would appear pink. If no interaction between color and orientation occurred without attention, this should not happen if the stimuli are unattended, but it does happen. In a quite different task, the presence of a combination of two feature dimensions can be responded to more quickly than would be predicted by independent processing of those dimensions (e.g., Krummenacher et al., 2001 Krummenacher et al., , 2002 Mordkoff & Danek, 2011; Mordkoff et al., 1990; Weidner & Müller, 2013) . Specifically, violations of Miller's (1982) race model inequality suggest that cross-dimensional target signals are combined, or coactivate, prior to selection. We have not made this adjustment, but it seems likely that a nonlinear effect of sharing features could be incorporated into Mordkoff's coactivation work or into the Krummenacher et al. dimension-weighting account, in order to accommodate the Sharing factor in the triple conjunction experiments reported here. Grouping effects, although not a specific part of these accounts, are not antithetical to them, either.
Some debate has surrounded the interpretation of the conjunction detections that violate Miller's (1982) race model inequality. Mordkoff, Yantis, and Egeth (1990) , among others, have argued that violation of the race model inequality implies that features for more than one object can be bound in parallel (see also Mordkoff & Danek, 2011) . On the other hand, several results have suggested that the preselective coactivation does not entail recognition (e.g., Weidner & Müller, 2013) . Krummenacher, Grubert, and Müller (2010) , for example, found that the race model inequality was not Fig. 15 Three hypothetical distributions of signal strength for elements with varying average signal strengths. As can be seen, the overlap between the distribution with the highest average (the solid line) and the other distributions quickly drops. In this example, although the distances between the distribution averages are linear, the overlaps between distributions are not. The probability that a signal drawn from the low average distribution (dotted line) will be higher than a signal drawn from the high average distribution (solid line) is less than half the probability that a signal drawn from the medium average distribution (striped line) will be higher than a signal from the high average distribution (cf. the dark gray and light gray areas) violated for single-element redundant-target trials, thereby indicating that coactivations are separate from recognition processes. In general, it seems quite clear that different dimensions interact at early stages of neural processing in the visual system (Seymour, Clifford, Logothetis, & Bartels, 2010) . This could be taken as evidence for preattentive binding (e.g., Mordkoff & Halterman, 2008) . Others have used similar results to argue that the whole idea of binding is an "ill-posed" problem (Di Lollo, 2012) . However, if binding is thought of as a required step en route to object recognition, then cooccurrence (and coactivation) is not the same as binding, though the distinction can be hard to see in many laboratory tasks (Krummenacher et al., 2010; Wolfe, 2012) . For example, a standard search for a red vertical line among red horizontal and green vertical distractors could be performed on the basis of either binding or the co-occurrence of features, because one could find a red vertical on the basis of the place where red and Fig. 16 In the 3D(012) conditions (right), groups of items based on features line up across different attributes. Thus, the red, jagged, and vertical groups are similar. In the 26D(012) condition (left), this is not the case Fig. 17 Stimuli in which preattentive binding does not appear to happen: Find the plus sign with black vertical and gray horizontal components (from Wolfe & Bennett, 1997) vertical co-occurred, or by finding a preattentively bound red vertical object. The distinction between co-occurrence and binding is clearer when visual search tasks are devised in which the same features co-occur in the targets and distractors, differing only in the arrangement of those features. Under these conditions, search tends to be markedly inefficient, and the evidence for preattentive binding becomes hard to find (Wolfe & Bennett, 1997) . Thus, in Fig. 17 , search for the plus with a gray horizontal component is inefficient because, we would argue, prior to the arrival of attention, all of these items are both black and gray and vertical and horizontal. That is, all of the bags of features are the same, and co-occurrence is not enough to do the task.
In conclusion, search for higher-order conjunctions can be very efficient. This efficiency can be explained by proposing very effective guidance of attention to target items on the basis of top-down knowledge of the target features. The simplest accounts of this guidance are inadequate, as Found (1998) noted 16 years ago. It is possible that these deviations from simplicity reflect preattentive binding of conjunctions. However, it is not necessary to invoke binding without attention. A nonlinear effect of the number of shared features and/or a nonlinearity in bottom-up local salience could also account for these effects.
